Abstract: This paper investigates the use of Landsat-7 and Landsat-8 thermal bands to assess the accuracy of temperature lapse rate relationships used in hydrological modelling for the Eastern Himalayan region. The temperature at high altitude is an input to conceptual gridded and lumped hydrological models that many studies use to understand and predict the relative contribution of melt-water to streamflow for Himalayan catchments.
Temperature observations in the Eastern Himalayas are limited to meteorological stations below 2000m above sea level (ASL), except for a few stations near Mt Everest, that are part of the Ev-K2-CNR project, and some observations from short field campaigns. Many studies extrapolate temperatures at high altitudes from local meteorological observation stations using a temperature lapse rate. The most common method is to develop a seasonal temperature lapse rate from averages of ground-stations, typically between 1000mASL and 2000mASL.
The aim of the analysis was to: a) determine if accurate temperatures at higher altitudes can be calculated from Landsat imagery; b) understand if a linear lapse rate can be inferred from Landsat imagery; and c) investigate the relationship between air temperature and land surface temperature for snow. The method involved (1) identifying cloud-free areas of snow, (2) generating temperature surfaces from Landsat thermal bands using algorithms from Jiménez-Muñoz et al. (2009) and Jiménez-Muñoz et al. (2014) , and (3) generating lapse-rate relationships from comparison with elevation surfaces (derived from Aster). The lapse rates generated were cross referenced with ground station measurements and a serendipitous field campaign.
It was found that the correlation between observed temperature at Pyramid station (5035mASL) and Landsat inferred temperature was 0.82 R 2 (see Figure 1 ). The correlation degraded as elevation reduced (i.e. to 0.35 R 2 at 1732mASL). The statistical methods applied were not capable of distinguishing between the contribution of error from the Landsat classification and the error from extrapolation of a linear lapse rate, so it was not possible to determine if the drop in temperature with elevation was linear or non-linear. Further work is required to use this method to confirm that a linear temperature lapse rate is reliable at high elevations. As expected, there were clear differences between temperatures on the northerly and southerly facing sides of mountains. These were especially pronounced during winter. 
INTRODUCTION
The Himalayas have attracted attention from the international community due to the possible effects of a changing climate on the region's environment and the associated livelihoods of the regional population. Scientists have explored many different methods for understanding the region's climate and geography, especially with respect to its glaciers (ice-cores, field measurements, ICE-SAT, GRACE, regional cryosphere models, etc.). In particular, authors such as Lutz et al. (2014) apply distributed hydrology-cryosphere models to understand the impact of climate changes on the regional hydrology. These models require inputs of rainfall and temperature for high altitudes, where temperature is the focus of this paper.
Few in situ measurements of temperature are available at high elevations, limited to Ev-K2-CNR (Tartari et al., 1998) and particular field campaigns. However, the strong winds, low temperatures and inaccessible terrain make it difficult to maintain observation stations above 4000m. In order to generate inputs, most authors extrapolate from meteorological observations at low/mid elevations (1500-4000m) to determine the temperature at high elevations (>4000m), e.g. Pokhrel et al. (2014) , Panday et al. (2013) , Normand et al. (2010) , Nepal et al (2014) and Immerzeel et al. (2014) . This paper focuses on understanding the robustness of extrapolating high altitude temperature from climate stations at lower altitudes. The geographic focus of this study is the Eastern Himalayas (Section 2). The methods involve processing of remotely sensed Landsat imagery to generate temperature surfaces using established techniques (Section 3). The results and conclusions from the analysis are described in (Section 4 and Section 5).
STUDY AREA
The geographic area of this study is the Tamor catchment in Nepal, which is part of the Eastern Himalayas (as shown in Figure 2 ). The catchment is a headwater of the Koshi branch which drains into the River Ganges (4005 km 2 ). The Tamor catchment was chosen to align with concurrent modelling of the region's hydrology. The catchment varies from sparse forests in the south (representing temperate climate) to snow covered alpine and glacial areas to the north. The catchment is characterised by steep mountainous and alpine environment with monsoonal climate. The mean annual precipitation at Taplejung (#1405) is 2.2m/year with 74% of the annual rainfall occurring during the summer monsoon between June to September (Nepal, 2012) . The mean maximum and minimum temperatures in July at Taplejung are 21ºC and 13ºC respectively. The mean maximum and minimum temperatures in January at Taplejung are 12ºC and 5ºC respectively. 
METHODS AND MATERIALS
This section describes the methods applied to relate land surface temperature (from Landsat) to ground observations, and the methods required to generate the required input datasets. Land surface temperature was generated for a series of Landsat 7 and Landsat 8 scenes for the snow covered areas. For each Landsat scene the land surface temperature was related to elevation (e.g. see Figure 3 ) to examine the lapse rate relation. on the northerly aspect is significantly cooler than southerly aspect (e.g. 10º C).
Calculating Surface Temperature
Based on physical models of blackbody radiation (Planck's Law), the ground temperature can be calculated from the radiance at sensor. Jiménez-Muñoz et al. (2009) 
Where temperature surface is in Kelvin, γ, δ, ψ 1 , ψ 2 and ψ 3 are constants (from below), ε is emissivity of surface (see Section 3.3) and radiance sensor is at-sensor thermal radiance (from Equation 8 
with bγ equals to 1277 K for Landsat 7 band 6 and 1324K for Landsat 8 band 10, and temperature sensor defined in Equation 7.
Calculating Total Column Water Vapour
The total column water vapour was extracted from the European Centre for Medium-Range Weather Forecasts (ECMWF) ERA-Interim product. ERA-Interim is a constantly updated global atmospheric reanalysis product (Dee et al., 2011) . The atmospheric attribute, "total column water vapour" has a 6 hour temporal resolution and a spatial triangular truncation at 255 (T255 -about 80km), which was reprojected to a 0.125 degree grid resolution for processing. The total column water vapour with the closest timestamp was used in the modelling.
Calculating Emissivity
Li et al. (2013) reviewed methods for calculating land surface emissivity from satellite data. Many approaches struggle with variance in the surface reflective properties. The better methods require multiple sources of data and/or ground truthing. Snyder et al. (1998) derived reference values for emissivity of snow covered terrain of between 0.977 and 0.995 for MODIS band 31 (10.780-11.280 µm). This study calculated temperature for only the snow covered areas where an average value of 0.988 was used (the resulting temperatures were not sensitive within these tolerances of the MODIS estimate). Note, Landsat 7 band 6 has a spectral range of 10.40-12.50μm and Landsat 8 band 10 has a spectral range of 10.60 -11.19μm.
Calculating Snow Extents
This study followed the approach of Dozier (1989) . Dozier (1989) investigated the signal in the visible spectrum of snow to bands of the Landsat Thematic Mapper (TM). He determined that snow could be reliably distinguished in the Sierra Nevada (US) according to the formula:
where R p (TM#) is planetary reflectance for each TM band #, using Equation 9 and 12. Dozier (1989) found that this approach identified snow through minor cloud, but not thick cloud or shadows of mountains. The thresholds can be fine-tuned, visually or based on extra information. The reference values were used in this study.
Calculating At Sensor Brightness Temperature
USGS (2000) and USGS (2015) defines at satellite sensor brightness temperature as:
where temperature sensor was effective at satellite temperature in Kelvin, radiance was the spectral radiance in W/m 2 * ster * µm, and K1 and K2 were constants as defined in the Landsat Handbooks (Table 1 for reference). 
Calculating Reflectance and Radiance at Sensor (Landsat 7)
Planetary reflectance (R p ) was calculated for Landsat 7 according to USGS (2000) as:
where d was distance to sun (from daily reference, which varies between 0.98 and 1.01 astronomical units); θ s was solar zenith angle in degrees, which was derived from the sun angle defined in the metadata; and ESUN was mean solar exo-atmospheric irradiance, which was 1970 W/(m2 * µm) for Band 1, 1842 W/(m2 * µm) for Band 2 and 225.7 W/(m2 * µm) for Band 5.
Calculating Reflectance and Radiance at Sensor (Landsat 8)
Planetary reflectance (R p ) was calculated for Landsat 8 according to USGS (2015) as:
where DN was the digital number in the scene, radiance mult was the multiplicative rescaling factor from the metadata; and raidiance add was the additive factor from the metadata. Planetary reflectance (R p ') was reflectance without correction for solar angle, with reflectance mult a multiplicative rescaling factor from the metadata; and reflectance add was the additive factor from the metadata; and sun elev was the solar elevation from the metadata.
RESULTS AND CONCLUSIONS
For each satellite scene, a linear correlation between calculated land surface temperature and elevation (ASTER DEM) was assumed ( = . + ). The relationship was applied to predict temperatures at different elevations for the time of each Landsat scene. The correlation between predicted land surface temperature and observed air temperature was compared for four Ev-K2-CNR stations as well as the Taplejung station (#1405 at 1732 mASL) from the Nepal government network (see Table 2 ). The Ev-K2-CNR data were available at near coincident times as the Landsat overpasses. The 9am reading at Taplejung was one to two hours earlier than the Landsat overpass (minimum and maximum values were also compared). For the purposes of the comparison, the difference between air temperature and land surface temperature was assumed to be an unknown constant (calculated as c). Information about the physics of the snow temperature vs air temperature were not considered, but are likely to be important.
The correlation between Landsat derived temperature and elevation -lapse rate -varied for each scene between an R 2 of 0.29 and 0.77, with a mean of 0.48 (see Figure 4) . Using a linear fit of temperature vs elevation to predict temperature at lower elevations resulted in poor correlations (e.g. R 2 of 0.35 for Taplejung, 1732 mASL). However, the R 2 of the Landsat temperature compared to temperature at the Pyramid high elevation station (5035 mASL) was 0.82 (see Table 2 and Figure 5 ). For reference, the correlation between observed temperatures at Pyramid and observed temperatures at Taplejung is 0.63 R 2 (i.e. not using Landsat temperature). The Taplejung station correlated higher with the predicted temperatures at higher elevations (e.g. 5035 mASL) than the predicted temperature at 1732 mASL, which suggests that the line of best fit for each image does not accurately capture the lapse rate for large extrapolations. The statistical methods applied were not capable of distinguishing between the contribution of error from the Landsat classification and the error from extrapolation of a linear lapse rate, so it was not possible to determine if the drop in temperature with elevation was linear or non-linear. Further work is required to use this method to confirm that a linear temperature lapse rate is reliable at high elevations. There were visual differences between temperatures on the northerly and southerly aspects of mountains (Figure 3 ). These were especially pronounced during winter (not shown). The predicted temperatures were quite accurate, and might provide a useful source of data for especially data sparse regions. Further work is necessary to establish the sensitivity to parameters. 
